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ABSTRACT

This paperdescribesthe CambridgeUniversity HTK (CU-HTK)

systemdevelopedfor the NIST March 2000 evaluationof English
corversationakelephonespeechranscription(Hub5E). A rangeof

new featureshave beenaddedto the HTK systemusedin the 1998
Hub5evaluation,andthe changedakentogethethave resultedn an

11%relative decreasén word errorrateon the 1998evaluationtest
set. Major changesnclude the use of maximummutualinforma-

tion estimationin training aswell asconventionalmaximumlik eli-

hoodestimationthe useof afull variancetransformfor adaptation;
theinclusionof unigrampronunciatiorprobabilities;andword-level

posteriorprobability estimationusingconfusionnetworks for usein

minimumword errorratedecodingconfidencescoreestimationand
systemcombination. On the March 2000 Hub5 evaluationsetthe

CU-HTK systemgave an overall word error rate of 25.4%,which

wasthe bestperformanceby a statisticallysignificantmaigin. This

paperdescribeshenew systenfeaturesandgivestheresultsof each
processingtagefor boththe 1998and2000evaluationsets.

1 INTRODUCTION

The transcriptionof conversationaltelephonespeechs one of the
mostchallengingasksfor speechrecognitiontechnologywith state-
of-the-artsystemyielding highword errorrates. Theprimaryfocus
for researchand developmentof suchsystemdor US Englishhas
beenthe Switchboard/CalHome English corporaalong with the
regularNIST “Hub5” evaluations.The CambridgeUniversity HTK

(CU-HTK) Hub5 systemhas beendevelopedover several years.
This paperdescribeschangeso the Septembed 998 Hub5 evalu-
ationsysten[6] madewhile developingthe March2000system.

Major systemchangesinclude the use of HMMs trained us-
ing maximummutualinformationestimation(MMIE) in additionto
standardnaximumlik elihoodestimation(MLE); theuseof pronun-
ciation probabilities;improved spealer/channeldaptatiorusing a
globalfull varianceransform;soft-tyingof statedor theMLE based
acousticmodels;andthe useof confusionnetworks for minimum
word error rate decoding,confidencescoreestimationand system
combination. All of thesefeaturesmadea significantcontribution
to the word errorrateimprovementsof the completesystem.In ad-
dition, severalminor changesiave beenmadeandtheseincludethe
useof additionaltraining dataand revised transcriptions;acoustic
dataweighting;andanincreased/ocalulary size.

Therestof the paperis arrangedasfollows. First anoverviev
of the 1998HTK systemis given. Thisis followed by a description
of the datasetsusedin the experimentsandthen by sectionsthat
discusseachof the major new featuresof the system. Finally the
completeMarch2000evaluationsystemis describedandtheresults
of eachstageof processingresented.

2 OVERVIEW OF 1998 HTK SYSTEM

The HTK systemusedin the 1998 Hub5 evaluationsened asthe
basisfor development.In thissectionashortoverview of its features
is given(see [6] for details).

The systemusesperceptuallinear prediction cepstralcoefi-
cientsderived from a mel-scal€filterbank (MF-PLP) [18] covering
the frequenyg rangefrom 125Hzto 3.8kHz. A total of 13 coefi-
cients,includingco, andtheirfirstandsecondrderderivativeswere
used.Cepstrameansubtractiorandvariancenormalisatiorareper
formedfor eachcorversationside. Vocaltractlengthnormalisation
(VTLN) wasappliedin bothtrainingandtest.

The acousticmodelling used cross-vord triphone and quin-
phonehiddenMarkov models(HMMs) trainedusing corventional
maximumlik elihoodestimation.Decisiontree stateclustering[20]
was usedto selecta setof context-dependentquialenceclasses.
Mixture Gaussiardistributionsfor eachtied statewerethentrained
using sentence-kel Baum-Welch estimationanditerative mixture
splitting [20]. After genderindependen{Gl) modelshad been
trained,a final training iterationusinggenderspecifictraining data
and updatingonly the meansand mixture weightswas performed
to estimategenderdependen{GD) modelsets. The triphonemod-
els were phonepositionindependentyhile the quinphonemodels
includedquestionsboutword boundariegaswell as+2 phonecon-
text. TheHMMs weretrainedon 180hoursof Hub5trainingdata.

The systemuseda 27k vocalulary that coveredall wordsin
the acoustictraining data. The coreof the pronunciationdictionary
wasbasedon the 1993LIMSI WSJlexicon, but useda large num-
ber of additionsalongwith variouschanges.The systemusedN-
gramword-level languagenodels.Thesewereconstructedy train-
ing separatenodelsfor transcriptionsof the Hub5acoustidraining
dataand for BroadcastNews dataand then meging the resultant
languagemodelsto effectively interpolatethe componenfN-grams.
Theword-level 4-gramsusedweresmoothedvith a class-basetti-
grammodelusingautomaticallyderivedclasse$12].

The decodingwas performedin stageswith successiely more
complex acousticandlanguagemodelbeingappliedin later stages.
Initial passeswere usedfor test-datawarp factor selection,gen-
der determinationand finding an initial word string for unsuper
vised mean and variance maximum likelihood linear regression
(MLLR) adaptation[8, 3]. Word-level latticeswere then created
usingadaptedriphoneHMMs anda bigrammodelwhich wereex-
pandedto includedthe full 4-gramand classmodel probabilities.
Iteratve MLLR [17] wasthenappliedusingquinphonemodelsand
confidencescoresestimatedusingan N-besthomogeneitymeasure
for both the triphoneand quinphoneoutput. The final stagecom-
binedthesetwo transcriptionausingthe ROVER program[2]. The
systemgave a 39.5%word errorrateon the Septembefl 998evalu-
ationdata.



3 TRAINING AND TEST DATA

TheHub5acoustidraining datais from two corpora:Switchboard-
1 (Swb1l) and Call Home English (CHE). The 180 hour training
setusedfor trainingthe 1998HTK systemusedvarioussourcesof
Swhbdltranscriptionsandturn-level segmentations.For the March
2000 systemwe took adwantageof the January2000releasefrom
MississippiStateUniversity (MSU) of Swbd1transcriptionsvhich
shouldprovide greateraccurag andconsisteng. We madea num-
ber of changego thesemanualcorrectionsand also automatically
removed morethan30 hoursof silencedataat sggmentboundaries.
An importantfeatureof the MSU transcriptsis the full-word tran-
scriptionof falsestartsandmispronunciationsin orderto make use
of the extendedtranscriptsa dictionary of falsestartsand mispro-
nunciationsvascreatedor useduringtraining.

Threedifferenttraining setswereusedduring the courseof de-
velopment:ithe 18 hourMinitrain setdefinedby BBN which givesa
fastturnaroundthefull 265hourtrainingset(h5train00)or thethe
March2000systemanda subsebf h5train00denotech5train00sub
The sizesof thetraining setsaregivenin Table1 togethemwith the
numberof corversationsidesthateachincludes. The h5train0Osub
setwaschosento includeall the spealersfrom Swblin h5train00
aswell asa subsebf theavailableCHE sides.

Training Total CorversationSides
Set Time (hrs) | Swbl| CHE
Minitrain 18 398 -
h5train00sub 68 862 92
h5train00 265 4482 235

Tablel: Hub5trainingsetsused.

The developmenttest setsusedwere the subsetof the 1997
Hubb5 evaluationsetusedin [6], eval97sub,containing10 cornver
sationsidesof Switchboard-ZSwb2)dataand10 of CHE; andthe
1998 evaluationdataset, eval98, containing40 sidesof Swb2and
40 CHE sides(in total about3 hoursof data). Furthermoreresults
aregivenfor the March2000evaluationdataset,eval00, which has
40 sidesof Swb1land40 CHE sides.

Training ClusteredStated % Word Error Rate
Set Gaussianper State | Swhd2 | CHE | Total
Minitrain 3088/ 12 43.7 | 57.7 | 50.6
h5train00sub 6165/ 12 38.7 | 535 | 46.0
h5train00 6165/ 16 36.4 | 525 | 44.4

Table 2: % WER on eval97subusing VTLN, GI, MLE triphone
modelsandatrigramlanguagemodel,differenttrainingsetsizes.

Basicgenderindependentgcross-vord triphoneversionsof the
system,with no adaptationwere constructedor eachtraining set
size. Table 2 shavs the numberof clusteredspeectstatesandthe
numberof Gaussianger statefor eachof thesesystemsaswell as
word error rateson eval97sub An initial 3.5-fold increasein the
amountof trainingdataresultsin a4.6%absoluteaeductionin word
errorrate(WER). However someof this large gaincanbeattributed
to the carefulselectionof the h5train00sutsetto have a good cov-
erageof the full training material. A further approximately3-fold
increasein the amountof training dataonly bringsa further 1.6%
absolutereductionin WER.

4 MMIE TRAINING

The model parametersn HMM basedspeechrecognition sys-
temsare normally estimatedusing Maximum Likelihood Estima-
tion (MLE). During MLE training, model parametersre adjusted
to increasethe likelihood of the word stringscorrespondingo the
trainingutterancesvithouttakingaccounof theprobabilityof other
possibleword strings. In contrastto MLE, discriminatve train-
ing schemes,such as Maximum Mutual Information Estimation
(MMIE) take accountof possiblecompetingword hypothesesnd
try to reducethe probability of incorrecthypothesesThe objective
function to maximisein MMIE is the posteriorprobability of the
trueword transcriptiongyiventhetrainingdata.
For R training obseration sequenceq0s,...,0,,...Or}

with correspondingdranscriptions{w, }, the MMIE objective func-
tionis givenby
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where M,, is the compositemodelcorrespondingo the word se-
quencew andP(w) is theprobabilityof this sequencasdetermined
by thelanguagemodel. The summatiorin thedenominatonof (1) is
taken over all possibleword sequences allowedin thetaskandit
canbereplacedby

PA(Or|Maen) = Zmow P(w) @)

whereM 4en encodeghefull recognitionacoustic/languagmodel.

Normallythedenominatoof (1) requiresafull recognitionpass
to evaluateon eachiteration of training. However as discussedn
[16] this canbe approximatedy usinga word latticewhich is gen-
eratedonceto constrainthe numberof word sequencesonsidered.
This lattice-basedramevork can be usedto generatethe neces-
sarystatisticsto applythe Extended-Baunwelch (EBW) algorithm
[5, 13, 16] to iteratively updatethe modelparametersThe statistics
requiredfor EBW can be gatheredby performingfor eachtrain-
ing utterancea forward-backvard passon the lattice correspond-
ing to the numeratorof (1) (i.e. the correcttranscription)andon
the recognitionlattice for the denominatorof (1). The implemen-
tation we have usedis ratherdifferentto the onein [16] anddoes
afull forward-backvard passconstrainedy (a mamgin around)the
phoneboundarytimesthat make up eachlattice arc. Furthermore
thesmoothingconstanin the EBW equationss computecbn a per
Gaussiarbasisfor fastconvergenceanda novel weight updatefor-
mulation used. The computationaimethodsthat we have adopted
for Hub5MMIE trainingarediscussedn detailin [19].

While MMIE is very effective atreducingtrainingseterrorakey
issueis generalisatiorio testdata. It is very importantthatthe con-
fusabledatageneratediuring training (asfound from the posterior
distribution of stateoccupanyg for the recognitionlattice) is repre-
sentatve to ensuregoodgeneralisationlf the posteriordistribution
is broadenedthengeneralisatioperformanceanbeimproved. For
this work, two methodswereinvestigatedthe useof acousticscal-
ing andawealenedlanguageamodel.

Normally the languagemodel probability and the acoustic
modellikelihoodsarecombinedby scalingthe languagemodellog
probabilities. This situationleadsto a very large dynamicrangein
the combinedlik elihoodsanda very sharpposteriordistribution in
thedenominatowof (1). An alternatve is to scaledawn the acoustic
modellog likelihoodsandasshawvn in [19] thisacousticscalingaids



generalisatioperformanceFurthermoreit is importantto enhance
the discriminationof the acousticmodelswithout overly relying on
the languagemodelto resole difficulties. Thereforeassuggested
in [15] a unigramlanguagemodelwasusedduring MMIE training
which alsoimprovesgeneralisatioperformancg19].
Experimentseportedin [19] shav that MMIE is effective for
arangeof training setsizesandmodeltypes. Table3 shavs word
errorratesusingtriphoneHMMs trainedon h5train00.Theseexper
imentsrequiredthe generationof numeratorand denominatodat-
ticesfor eachof the 267,611training sggments. It was found that
two iterationsof MMIE re-estimatiorgave the besttest-setperfor
mance[19]. Comparingthelinesin Table3 shawv that, without data
weighting, the overall error rate reductionfrom MMIE training is
2.6%absoluteon eval97suband2.7%absoluteon eval98.

eval97sub eval98
Iteration || Swbd2 | CHE | Total || Swhbd2| CHE | Total
MLE 36.4 525 | 44.4 42.6 48.6 | 45.6
MLE/w 35.7 51.8 | 43.7 42.5 47.7 | 45.1
1 34.2 50.7 | 42.4 40.9 46.5 | 43.7
1/w 34.0 50.2 | 42.0 40.7 46.2 | 43.5
2 33.6 50.1 | 41.8 40.3 45.4 | 42.9
2/w 33.8 50.0 | 41.9 40.3 45.1 | 42.7

Table3: %WER on eval97subandeval98usingVTLN Gl triphone
modelsandatrigramlanguagemodel. (w) denoteslataweighting.

Thetablealsoshavstheeffectof giving afactorof threeweight-
ing to the CHE training data®! This reducedthe error rate for the
MLE modelshy 0.5%to 0.7%absoluteput hasamuchsmallerben-
eficial effect for MMIE trainedmodels. This is probablybecause
while MLE training gives equalweight to all training utterances,
MMIE training effectively givesgreatemeightto thosetraining set
utterancesvith low sentenceosteriorprobabilitiesfor the correct
utterance.

MMIE was also usedto train quinphoneHMMs. The gain
from MMIE training for quinphoneHMMs was 1.9% absolute
on eval97subfrom a quinphoneMLE systemusing acousticdata
weighting. As shawvn in [19] the gainsfrom MLLR adaptatiorare
asgreatfor MMIE modelsasfor MLE trainedmodels. Hencethe
primary acousticmodelsusedin the March 2000CU-HTK evalua-
tion systemusedgendetindependenMMIE trainedHMMs.

5 SOFT-TYING

Soft tying of states[10] allows Gaussiangrom a particularstate,
correspondindo a decisiontreeleaf node,to be alsousedin other
mixture distributions with similar acoustics. Previously, using an
implementatiorfrom JHU, thetechniquewvasinvestigatedisingvar-
ious training setsizesand levels of model complexity [7]. It was
found that while consistenimprovementswere obtained,the im-
provementin WER wasreducedwhenfeaturessuchasVTLN and
MLLR adaptatiorwereincludedin the system.

For the March 2000system a revisedandsomevhat simplified
implementationof soft-tying wasinvestigated.For a given model
setasingleGaussiarper stateversionwascreated For eachspeech
statein thesingleGaussiarsystemthenearestwo otherstatesvere

1The test setis balancedacrossSwitchboardand Call Home data but
the training setisn’t andso dataweightingattemptsto partially correctthis
imbalance.

foundusingalog-overlapdistancemetric[14], which calculateghe
distancebetweentwo Gaussianssthe areaof overlap of the two

probability densityfunctions. All of the mixture componentgrom

the two nearesstatesandthe original stateof the original mixture
GaussiaHMM arethenusedin a mixture distribution for the state.
Thusthe completesoft-tied systemhasthe samenumberof Gaus-
siansastheoriginal systemandthreetimesasmary mixtureweights
perstate.After thisrevisedstructurehasbeencreatedall systempa-
rametersarere-estimatedThis approachallows the constructionof

both soft-tiedtriphoneandquinphonesystemsn a straightforvard

manner

System Triphones Quinphones
Type Swbd2 | CHE | Total || Swbd2| CHE | Total
Gl 425 | 47.7 | 45.1 421 | 473 | 447
ST/GI 421 | 474 | 4438 415 | 46.9 | 44.2

ST/GD 414 | 470 | 44.2 41.0 | 46.1 | 43.6

ST/GD/PP|| 40.1 | 455 | 42.8 39.2 | 446 | 41.9

Table4: WER on eval98usingVTLN Gl triphone/quinphonenod-
els trainedon h5train00(3x CHE) anda trigram LM. ST denotes
soft-tiedmodelsandPPthe useof pronunciatiorprobabilities.

Theresultsof usingsoft-tied (ST) triphoneandquinphonesys-
temson eval98is shavn in Table4 whendataweightingis used?

Thereis areductionin WER of 0.3%absolutefor triphonesand
0.5% for quinphonesand a further 0.6% absolutefrom using GD
models. Sofar, soft-tying hasonly beenusedwith MLE training,
althoughthetechniquecouldalsobeappliedto MMIE trainedmod-
els.

6 PRONUNCIATION PROBABILITIES

The pronunciationdictionaryusedin this taskcontainson average
1.1to 1.2 pronunciationgoer word. Unigram pronunciationprob-

abilities, that is the probability of a certain pronunciationvariant
for a particularword, were estimatecbasedon an alignmentof the

training data. If words were not seenin the training dataa uni-

form distribution over all pronunciationvariantsis assumed How-

ever, this straight-forvard implementationonly broughtmoderate
improvementsn WER.

The dictionariesin the HTK systemexplicitly containsilence
modelsas part of a pronunciation. Experimentswith or without
inclusion of silenceinto the probability estimatesvere conducted
[7]. Themostsuccessfuschemeausedthreeseparatelictionaryen-
tries for eachreal pronunciationwhich differed by the word-end
silencetype: a no silenceversion; addinga short pausepreserv-
ing cross-vord contet; and a generalsilencemodel altering con-
text. The unigram“pronunciation” probability is found separately
for eachof theseentriesandthedistributionsaresmoothedwith the
overall silencedistributions. Finally all dictionaryprobabilitiesare
renormalisedothatthe pronunciatiorfor eachword which hasthe
highestprobability is setto one. During recognitionthe (log) pro-
nunciationprobabilitiesarescaledby the samefactorasusedfor the
languageamodel.

Table4 shaws thattheuseof pronunciatiorprobabilitiesgivesa
reductionin WER of 1.4-1.7%absoluteon eval98. On othertestsets
improvementgreatetthan1% absolutéhave alsobeenobtainedand

2We have foundthattheuseof acousticdataweightingreduceshe bene-
ficial effect of soft-tying.



sizeof thegainsis foundto befairly independentf the compleity
of theunderlyingsystem.

7 FULL VARIANCE TRANSFORMS

A side-dependentlock-full variance(FV) transformation4], H,

of theform & = HXHT wasinvestigated. This can be viewed
asthe useof a speakrdependenglobal semi-tiedblock-full co-
variancematrix andcanbe efficiently implementedy transforming
both the meansandthe input data. In our implementationthe full

variancetransformwascomputedafter standardneanandvariance
maximumlikelihood linear regression(MLLR). Typically a WER
reductionof 0.5%to 0.8% wasobtained.However asa sideeffect,
we found thattherewere reducedbenefitsfrom multiple iterations
of MLLR whenusedwith afull variancetransform.

8 CONFUSION NETWORKS

Confusionnetworks allow estimatesf word posteriorprobabilities
to be obtained. For eachlink in a particularword lattice (from

standarddecoding)a posteriorprobability is estimatedusing the
forward-backvard algorithm. The lattice with theseposteriorsis

then transformedinto a linear graph, or confusionnetwork (CN),

usingalink clusteringprocedurg11]. This graphconsistsof a se-
guenceof so called confusionsets,which containcompetingsin-
gle word hypothesesvith associateghosteriorprobabilities.A path
throughthe graphis foundby choosingoneof the alternatvesfrom

eachconfusionset. By picking the word with the highestposterior
from eachsetthe sentencenypothesiswith the lowest overall ex-

pectedword error rate canbe found. This hypothesiss generally
moreaccuratehanthe onechoserby the normalViterbi decoding,
which minimisesthe sentence errorrate.

The estimatesof the word posteriorprobabilitiesencodedin
the confusionnetworks can be useddirectly as confidencescores
(which are essentiallyword-level posteriors),but they tendto be
over-estimatesf the true posteriors. This effect is dueto the as-
sumptionthat the word lattices representhe relevant part of the
searchspace While they containthe most-likely pathsa significant
partof the“tail” of the overall posteriordistribution is missing. To
compensatéor this a decisiontreewastrainedto mapthe estimates
to confidencescores.

Theconfusionnetworkswith their associateevord posteriores-
timateswerealsousedin animproved systemcombinationscheme.
Previously the ROVER techniqueintroducedin [2] had beenused
to combinethe 1-bestoutputof multiple systems. Confusionnet-
work combination(CNC) canbeseerasageneralisationf ROVER
to confusionnetworks, i.e. it usesthe competingword hypotheses
andtheir posteriorsencodedn the confusionsetsinsteadof only
consideringhe mostlikely word hypothesisethy eachsystem.

A moredetaileddescriptionof the useof word posteriorproba-
bilities andtheir applicationto the Hub5taskcanbefoundin [1].

9 MARCH 2000 EVALUATION SYSTEM

This sectiongives an overvien of the completesystemas usedin
the March 2000evaluation. The systemoperatesn multiple passes
throughthedata:initial passesireusedto generatevord latticesand
thentheselatticesarerescoredusing four differentsetsof adapted
acoustianodels.Thefinal systemoutputcomesfrom combiningthe
confusionnetworksfrom eachof thesere-scoringpasseswWhile this

architecturgesultsin acomplex overall systemthis sectionalsore-
portsthe resultsof eachof the stages.This allows the performance
of mary systemvariantsat differentlevels of compleity to be as-
sessed.

9.1 Acoustic Models

TheVTLN acoustianodelsusedin thesystemwereeithertriphones
(6165 speechstates/16Gaussianger state)or quinphoneg9640
states/16Gaussianger state)trained on h5train00. More details
ontheperformanceof thesemodelswasgivenin previous sections.
It shouldbe emphasisethatthe MMIE modelswereall genderin-
dependenivhile theMLE VTLN modelswereall genderdependent
usingsoft-tying. All theacoustianodelsusedCall Homeweighting.

9.2 Word List & Language Models

The word list wastaken from two sources:the 199827k word list
[6] andthe mostfrequent50,000wordsoccurringin the204million
words of broadcastews (BN) LM training data. This gave a new
word list with 54,537wordswheremostof the pronunciationsvere
alreadyavailablein our broadcashens (Hub4)dictionary The 54k
wordlist reducedthe out-of-vocatulary (OOV) rateon eval98 from
0.94%t0 0.38%. After the March2000evaluationit wasfoundthat
usingthe54k dictionarygave anOOQV rateof 0.30%on eval00com-
paredto 0.69%if the 27k dictionaryhadbeenused.

The useof the MSU Swb1training transcriptionsfor language
modellingpurposesaisedcertainissues First, the averagesentence
length was 11.3 words comparecto 9.5 words on the LDC tran-
scriptsthatwe previously used.This hastheeffect thatLMs trained
on the MSU transcriptshave a higher test-setperpleity which is
mainly dueto the reducedprobability of the sentence-endymbol.
Sinceit was not known if LDC-style or MSU-style training tran-
scriptswould be moreappropriatebothsetsof datawereusedalong
with the broadcasnews data. Bigram, trigram and 4-gramLMs
weretrainedon eachdataset (LDC Hub5, MSU Hub5, BN) and
meigedto form an effective 3-way interpolation. Furthermore as
describedn [6] a class-basedrigram model using 400 automati-
cally generatedvord classe$12, 9] wasbuilt to smooththe meiged
4-gramlanguagemodel by a further interpolationstepto form the
languagemodelusedin latticerescoring.

9.3 Stagesof Processing

Thefirst threepasseshroughthe data(P1-P3)areusedto generate
word lattices.FirstP1 (Gl non-VTLN MLE triphonestrigram LM,
27k dictionary),generatedan initial transcription. This P1 passis
identicalto the 1998 P1 setup[6]. The P1 outputwasusedsolely
for VTLN warp-factor generationand assignmenbf a genderla-
bel for eachtestcorversationside. All subsequenpassesisedthe
54k dictionaryand VTLN-warpedtestdata. StageP2 usedMMIE
Gl triphonesto generatahe transcriptiondor unsupervisedest-set
MLLR adaptatiorj8, 3] with a4-gramLM. A globaltransforn? for
themeangblock-diagonalandvariancegdiagonal)wascomputed
for eachside. In stageP3, the actualword latticeswere generated
usingtheadaptedsl MMIE triphonesandabigramlanguagemodel.
Theselatticeswere expandedexpandedo containlanguagemodel
probabilitiesgeneratedy theinterpolationof the word 4-gramand
theclasstrigram.

3A “global transform” denotesone transformfor speechanda separate
transformfor silence.



Subsequenpassesescoredtheselatticesand operatedn two
branches:a branchusing GI MMIE trained models(branch“a”)
andabranchusingGD, soft-tied, MLE models(branchb”). Stage
P4a/P4husedtriphonemodelswith standardglobal MLLR, a FV
transform, pronunciationprobabilitiesand confusionnetwork de-
coding. The outputof therespectie branchesened asthe adapta-
tion supervisiorto stageP5a/P5b ThesewereasP4a/P4tbut were
basedon quinphoneacousticmodels.Finally for the MMIE branch
only, a passwith two MLLR transformswasrun (P6a). The final
systemword outputandconfidencescoresvasfoundby usingCNC
with the confusionnetworksfrom P4a,P4b,P6aandP5h

9.4 System Resultson Eval98

Table5 givesresultsfor eachprocessingstagefor the 1998evalua-
tion set. Thelarge difference(6.8%absolutein WER) betweerthe
P1andP2resultsis dueto the combinedeffectsof VTLN, MMIE
modelson the new training set, the largervocaklulary anda 4-gram
LM. MLLR adaptatiorandthe smoothingfrom a classLM results
in afurtherreductionin WER of 2.5%absolute Thesecondadapta-
tion stagewhichincludesMLLR andafull variancetransform(FV),
pronunciatiorprobabilitiesandconfusionnetwork decodingeduces
the WER by afurther 2.9% absolute(P4a),which is 0.8% absolute
betterthan the result of the correspondingVLE soft-tied GD tri-
phonemodels(P4b).

| Stage | Swbd2| CHE [ Total | NCE |
P1 47.0 51.6 | 49.3
P2 40.0 449 | 425
P3 375 42.4 | 40.0
P4anoFV/CN 36.2 41.4 | 38.8
P4ano CN 35.8 40.8 | 38.3
P4a 345 39.6 | 37.1 || 0.238
P4bnoFV/CN 37.1 42.2 | 39.7
P4bnoCN 36.8 41.3 | 39.0
P4b 35.5 40.3 | 37.9 || 0.235
P5anoCN 35.2 395 | 374
P5a 33.9 38.4 | 36.2 || 0.232
P5bnoCN 35.6 40.7 | 38.1
P5b 345 395 | 37.0 || 0.229
P6ano CN 34.6 39.2 | 36.9
P6a 33.6 38.4 | 36.0 || 0.224
FINAL/ROVER 32.8 38.0 | 354
FINAL/CNC 32.5 37.4 | 35.0 || 0.225

Table 5: % WER and normalisedcrossentrofy (NCE) valueson
eval98for all stageof the evaluationsystem.Thefinal systemout-
putis acombinationof P4a,P4b,P6andP5h “no FV” denotesys-
tem outputwithout full variancetransform.“no CN” denotesstan-
dardoutputratherthanminimumword errorrateoutput.

The useof quinphonemodelsinsteadof triphonemodelsgives
afurthergainof 0.9%for bothbranchesWhereaghe secondadap-
tation stagewith two speechtransformsfor the quinphoneMMIE
modelsbrings0.5%,afterobtainingCN outputthedifferences only
0.2%. The final result after 4-fold systemcombinationis 35.0%.
This is an 11% reductionin WER relative to the CU-HTK evalua-
tion resultobtainedon the samedatasetin 1998(39.5%).

Note that confusionnetwork outputconsistentlyimproves per
formanceby about1% absoluteandthat combinationof the 4 out-
putsusingconfusionnetwork combination(CNC) is 0.4%absolute
betterthan using the ROVER approach. Then confidencescores
basedn confusionnetworksgive animprovednormalisectrossen-
tropy (NCE) of 0.225comparedo 0.145from the 1998 CU-HTK
evaluationsystemwhich usedN-besthomogeneitypasedonfidence
scores.

9.5 March 2000 Evaluation Data Results

Table6 lists the evaluationsystemperformancen the March 2000
evaluationset. The performanceon eval00 givesa similar per stage
improvementto that obtainedfor eval98. However the absolute
WER levelsarereducecby about10%absolute®

| Stage || Swbd2| CHE | Total | NCE |
P1 31.7 454 | 38.6
P2 25.5 38.1 | 31.8
P3 22.9 35.7 | 29.3
P4a 20.9 33.5 | 27.2 || 0.294
P4b 21.9 33.7 | 27.8 || 0.287
P5a 20.3 32.7 | 26.6
P5b 21.0 32.8 | 26.9 || 0.292
P6a 20.3 32.6 | 26.5 | 0.284
P4b+P5b/CNC 20.6 324 | 26.5 || 0.285
P4a+P6a/CNC 19.5 31.7 | 25.6 || 0.278
P4a+P4b+P6a+P5b/CNC 19.3 314 | 254 || 0.271

Table6: % WER andnormalisedcrossentropy on eval00 for each
stageof the CU-HTK Hub5E2000evaluationsystem.

It wasagainfoundthatthereis afairly consistent1% absolute
reductionin WER from confusionnetworks. A contrast(not shavn
in the table)shavedthaton P2 the useof MMIE modelshadgiven
a 2.1% absolutereductionin WER over the correspondingVILE
models. The combinationP4a+P6alenotesa systemwhere only
MMIE trainedmodelshave beenusedfor decodingwhich yieldsa
result0.9% absolutebetterthanthe correspondingLE combina-
tion (P5b+P4b)However, theinclusionof the MLE systemoutputs
givesa 0.2%WER absolutemprovement.Thefinal errorratefrom
the system(25.4%)was lowestin the evaluationby a statistically
significantmargin.

9.6 PureMLE Contrast

A further run on eval98 was performedto investigatethe effect of
usinga combinedMMIE/MLE system. For the resultsin Table 7,
MLE modelswereusedto createthelatticesandprovide theadapta-
tion supervisionPureMLE) ratherthanusingMMIE basedmodels
for P2/P3andMMIE generateddaptatiorsupervisiorfor P4.
ThepureMLE system(MLE modelsin P2/P3andMLE lattices)
performs2.1%absolutgpoorerthanthe MMIE systemonP2. Com-
paringtheperformancef MLE modelsin P4b,they are0.7%poorer
thanin theeval setup(MLE modelswith MMIE latticesandadapta-
tion supervision\without confusionnetworks but only 0.3%poorer

4All participatingsitesfoundthatthe eval00 datawaseasietto recognise
thanpastHub5evaluationdatasets.



[ Stage || Evaluation] PureMLE |
P2 42.5 44.6
P3 40.0 42.0
P4a 37.1 -
P4bno CN 39.0 39.7
P4b 37.9 38.2
P5a 36.2 -
P5bnoCN 38.1 38.7
P5b 37.0 37.3
P4b+P5b 36.5 36.8
P6a 36.0 -
[FINALICNC | 350 | 350 |

Table 7: % WER on eval98 for the evaluationsystemanda com-
pletelyseparatMLE model-basedb) branch(pure MLE).

with confusionnetworks. An interestingresultshavs thatalthough
the pureMLE branchis poorerthanthe mixed MMIE/MLE system
it is still ableto contritute to the 4-way combinationby the same
amount. Furthermorewhile the overall performanceof the system
is significantlyenhancedy the useof MMIE models the complete
pureMLE systemachievesa 36.8%WER on eval98.

10 CONCLUSIONS

This paperhasdiscussedhe substantiaimprovementsin system
performancethat have beenmadeto our Hub5 transcriptionsys-
temsincethe 1998evaluation.The largestimprovementstemsfrom
MMIE HMM training, however the MLE modelsetin their current
configurationwere shawn to still work well. Confusionnetworks
wereshowvn to consistentlyimprove word error ratesandyield im-
proved confidencescores. On the 1998 evaluation set a relative
reductionin word error rate of 11% was obtained. The system
presentecheregave the lowestword error ratein the March 2000
Hub5E evaluation. While the overall systemis comple, a much
simpler setupbasedon the first few passe®f the full systemalso
givescompetitve performance.
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